
CoD: A Diffusion Foundation Model for Image Compression

Supplementary Material

This document provides the supplementary material to
Compression-oriented Diffusion foundation model, CoD.
Beyond additional training details and extended results, we
further investigate its characteristics and explore additional
downstream codec applications.

The key conclusions are summarized below:
• Extreme 64-bit compression: CoD compresses image

into only 64 bits while preserving correct semantics.
• One-step diffusion codec: Finetuning one-step CoD

achieves real-time and SOTA performance, comparable to
StableCodec [25] and OneDC [22].

• CoD as perceptual loss: CoD-based perceptual loss sig-
nificantly improves MS-ILLM [11].

• X -prediction advantage: Using X -prediction yields bet-
ter performance than V-prediction for CoD (pixel).

A. Towards 64-Bit Image Compression
In this paper, we primarily discuss CoD at 0.0039 bpp, which
corresponds to 1024 bits for a 512 × 512 image. Results
demonstrate that the shape, color, and high-level semantic
fidelity are well preserved under this bitrate. In this section,
we further explore a more extreme compression of 64 bits
for a 512 × 512 image (i.e., 0.00024 bpp) to analyze the
boundary of semantic-level compression. To achieve 64 bits,
our encoder downsamples the original image to 1/128 of its
original resolution (4× 4 patches) and uses a codebook size
of 24 = 16. Since latent-space CoD performs better at lower
bitrates (Figure 5 in the paper), we train our 64-bit CoD on
latent space.

Original DDCM + SD,  297 bits DiffC + SD ,  424 bits CoD (latent),  64 bits

Original DDCM + SD,  297 bits DiffC + SD ,  400 bits CoD (latent), 64 bits

Original DDCM + SD,  297 bits DiffC + SD ,  408 bits CoD (latent), 64 bits

Figure 1. Evaluation of 64-bit CoD on Kodak at 512× 512.

We evaluate our 64-bit CoD on the Kodak dataset in
Figure 1. Surprisingly, under such an extremely low bi-
trate, CoD successfully reconstructs the correct semantics
of the original image. By contrast, Stable Diffusion based
codecs DDCM [12] and DiffC [18] fail to reconstruct correct
semantics even at a fourfold (4×) higher bit cost. We fur-
ther leverage DiffC to evaluate the downstream compression
performance on Kodak [1] in Figure 2, where CoD-based
DiffC significantly outperforms other Stable Diffusion based
codecs. Our scheme achieves a FID of 70 with only less than
10% of the bits of prior codecs, highlighting the extreme
compression capability of 64-bit CoD.

B. Towards One-Step Diffusion Compression

B.1. Preliminary

Recently, one-step diffusion models have demonstrated ef-
fectiveness in generative image compression. Unlike multi-
step diffusion, which optimizes each diffusion timestep sep-
arately, one-step diffusion can be trained end-to-end, en-
abling better overall performance. OSCAR [4] fine-tuned a
multi-step Stable Diffusion to function as a one-step image
codec. StableCodec [25] leverages a one-step SD-Turbo
as the foundation model, achieving significantly improved
performance. Similarly, OneDC [22] employs a one-step
DMD-distilled [23] Stable Diffusion as the foundation model
for one-step diffusion compression. The success of these
approaches motivates our exploration of CoD in the context
of one-step diffusion foundation models.

Since the SD-Turbo distillation process is not fully public,
we follow DMD [23] to distill our diffusion model. Given
a one-step diffusion network Gθ(z) that generates x using
random noise z, DMD proves that the KL divergence be-
tween the real and fake distributions can be expressed as a
distribution-matching loss:

∇θDKL = Ez∼N (0;I)
x=Gθ(z)

[
− (sreal(x)− sfake(x))

dG

dθ

]
, (1)

where sreal(x) and sfake(x) are the score functions [16] of
their respective distributions. By adding random noise to
x, the score can be predicted by a diffusion model. DMD
leverages a pretrained multi-step diffusion model for the real
score and dynamically trains a diffusion model to estimate
the fake score for one-step samples x.



Figure 2. Rate-Distortion curves for 64-bit CoD and Stable Diffusion based codecs on Kodak at 512× 512.

Figure 3. Rate-Distortion curves for finetuned one-step CoD and other one-step diffusion codecs on Kodak at 512× 512.
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Figure 4. Evaluation of one-step CoD on Kodak at 512× 512.

B.2. Distilling a CoD

We train a one-step CoD using a combination of losses and
multi-step CoD-based DMD loss:

LOS = Lpixel + Lperc + λ · LREPA + β · LC, (2)

where Lpixel = L1+LLPIPS consists of pixel-space L1 loss
and the LPIPS [24] loss, Lperc = 2 · LDMD+0.01 · LGAN

consists of a DMD loss and a patch GAN loss [2], LREPA

is the representation alignment loss and LC is th codebook
commitment loss. We set λ = 0.5 and β = 0.25.

For simplicity, we optimize only the pixel-space CoD,
allowing pixel-space losses to be computed directly. Follow-
ing the DMD procedure, we update the one-step CoD every
10 steps, while the remaining 9 steps train the fake score dif-
fusion model. The model is trained for 100K steps (i.e., 10K
steps for the one-step CoD) with a batch size of 32, which

takes approximately 96 A100 GPU hours in total, which is
much less than 1664 A100 GPU hours of DMD-based Stable
Diffusion distillation. The learning rates for one-step CoD
and fake score network are set to 10−5.

B.3. Finetuning to Higher Bitrates

In the previous section, we distilled the one-step CoD model
at 0.0039 bpp. We further observe that the distilled model
can be efficiently adapted to higher bitrates. Following
PerCo and OSCAR, we adjust both the downsampling scale
in the condition encoder and the codebook size according to
the target bitrate. Specifically, we train two variants: 0.0312
bpp with 16× downsampling and codebook size 256, and
0.125 bpp with 8× downsampling and codebook size 256.

Stage I: initialization. We randomly set the parameters
of the condition encoder, codebook, and condition decoder,
while loading the pre-trained multi-step CoD weights for the
diffusion module. During this warm-up phase, the diffusion
module is trained using LoRA [5] with rank 32. To accelerate
convergence, we remove the Lperc term from LOS and train
for 200K steps with a learning rate of 10−4.

Stage II: Fine-tuning. We then fine-tune all model compo-
nents jointly using the full LOS for another 100K steps with a
batch size of 32 and a learning rate of 10−5. With perceptual
supervision restored, the fine-tuned one-step CoD achieves
significantly improved performance at higher bitrates.



Figure 5. Rate-Distortion curves for MS-ILLM [11] and finetuning MS-ILLM decoder with CoD-based DMD loss on Kodak at 512× 512.

B.4. Evaluation

Comparison with one-step codecs. We evaluate the fine-
tuned one-step CoD on the Kodak dataset (Figure 3). It
yields competitive reconstruction quality compared with
SOTA one-step diffusion codecs such as OneDC and Sta-
bleCodec, particularly at ultra-low bitrates. Notably, our
method does not rely on any pretrained components from
Stable Diffusion (e.g., one-step models or SD-VAEs) to
reach this performance. We currently adopt fixed-length
coding for the codebook indices for simplicity. Further gains
can be achieved by introducing an entropy model or apply-
ing latent compression [6]. Visual comparisons in Figure 4
further show that one-step CoD preserves higher fidelity than
both multi-step CoD and OneDC.
Complexity Analysis. DiT injects conditios and timesteps
through AdaLN-Zero layers, which account for more than
200M parameters in CoD. However, CoD concatenates com-
pression conditions directly with the noised input along
the channel dimension instead of injecting them through
AdaLN-Zero (see Section ??). Under the one-step setting,
the timestep is fixed to 0, making all AdaLN-Zero outputs
constant and therefore redundant. Thus, we precompute
these constants and remove the AdaLN-Zero modules to fur-
ther reduce computation and memory access. As shown in
Table 4, one-step CoD processes a 512× 512 image in only
25.2 ms, which is even faster than a single step of Stable Dif-
fusion used in OneDC and StableCodec. This demonstrates
its potential in real-time application.

C. Towards Perceptual Supervision via CoD

In the DMD loss in Equation 1, for any input x, we can
optimize its KL divergence using CoD to estimate real and
fake scores. This indicates that CoD can act as a perceptual
supervision mechanism, enhancing the realism of reconstruc-
tions for a variety of networks, including other pixel-space
codecs, restoration models, or super-resolution models. To
demonstrate this potential, we finetune the pixel-space codec
MS-ILLM [11] using the CoD-based DMD loss.
Evaluation. MS-ILLM is typically pretrained using the
MSE loss, after which the encoder and entropy model are

Methods PSNR LPIPS DISTS FID

MS-ILLM 21.43 dB 0.403 0.271 92.5
+ CoD-based DMD loss 21.08 dB 0.376 0.248 80.92

Table 1. Finetuning the decoder of MS-ILLM using CoD as a per-
ceptual supervision. Evaluated on Kodak at 512×512. BPP=0.011.

Original MS-ILLM @ 0.048 bpp + F.t. decoder w/ CoD-based DMD Loss

Original MS-ILLM @ 0.048 bpp + F.t. decoder w/ CoD-based DMD Loss

Original MS-ILLM @ 0.011 bpp + F.t. decoder w/ CoD-based DMD Loss

Original MS-ILLM @ 0.011 bpp + F.t. decoder w/ CoD-based DMD Loss

Figure 6. Finetuning MS-ILLM decoder with CoD-based DMD
loss.

fixed while the decoder is finetuned with perceptual losses
such as LPIPS and GAN [3] loss. Following this paradigm,
we finetune only the decoder of MS-ILLM, replacing the
GAN loss with the CoD-based DMD loss. Remarkably, af-
ter optimizing the decoder for just 2K steps with a batch
size of 32 (20K steps total including fake score learning),
MS-ILLM demonstrates substantially improved perceptual
quality across all metrics, as shown in Figure 5. Towards
ultra-low bitrates like 0.011 bpp where the information is
severely distorted, we find increasing the learning rate of
fake score network training can better capture the distorted
distribution to enhance realism, as shown in Table 1. Sev-
eral visual examples are presented in Figure 6, where the



Figure 7. Rate-Distortion curves for different downstream codecs built on pixel-space CoD on Kodak at 512× 512.

CoD-based DMD loss markedly reduces artifacts and yields
clearer edges and finer details. Since the encoder is fixed,
the encoded information remains heavily distorted under
MSE-only optimization, resulting in poor overall reconstruc-
tion. We expect that jointly tuning the entire network with
the CoD-based DMD loss could further improve perceptual
quality.
Discussion. Instead of relying on text conditions, CoD learns
native image conditions for diffusion. Under DMD supervi-
sion, conditions are important since they guide which types
of realistic details to generate. Native image conditions
provide directions that more closely align with the original
image, making CoD theoretically better suited as DMD su-
pervision for reconstruction-related tasks. Moreover, CoD
is text-free, eliminating the need for extensive captioning at
each optimization step and thereby improving training effi-
ciency. In addition, adopting latent diffusion for DMD loss
is non-trivial for pixel-space codecs, whereas our pixel-space
CoD offers a more direct and compatible solution.

D. Analysis on Different Downstream Codecs

In this section, we further demonstrate the capability of
CoD as a foundation model through comparing different
downstream codecs in Figure 7.

D.1. Comparison of Downstream Codecs

Zero-shot DiffC. No perceptual optimization is involved. It
yields the highest PSNR and strong perceptual quality, but
has slow encoding speed. Runtime grows with bitrate, and
encoding a 4 bpp image can take up to 100 seconds.
Finetuned one-step CoD. This scheme attains the best per-
ceptual scores, especially DISTS and FID. The single-step
diffusion process enables very fast encoding. However, end-
to-end perceptual finetuning with perceptual losses leads to
relatively lower PSNR.
CoD-based perceptual optimization for MS-ILLM. Al-
though slightly worse than zero-shot DiffC, it requires a
lightweight model and offers substantially faster coding,
providing a different balance between coding speed and
compression ratio.

D.2. Finetuning Multi-step CoD at Higher Bitrates

A straightforward downstream compression scheme is to
directly finetune multi-step CoD at higher bitrates through
diffusion loss. However, this leads to inferior results com-
pared to other schemes. When jointly optimizing a condition
under explicit diffusion loss, the optimization becomes bi-
ased: the condition tends to maximize the score norm, as
shown in [21]. In practice, this drives the decoder toward
oversharpened and over-saturated reconstructions, resulting
in lower fidelity. This observation is consistent with recent
findings that one-step diffusion codecs perform better be-
cause they avoid this biased optimization.

The tendency toward a higher score norm also motivates
training the foundation model at ultra-low bitrates. Under
a strong information bottleneck, the condition can only pre-
serve a small amount of information. The distortion is large
at these rates, forcing the available condition to focus on re-
ducing diffusion loss rather than amplifying the score norm.
At higher bitrates, reducing diffusion loss becomes easier,
leaving room for the condition to optimize for score norm
instead. In addition, our unified training strategy and aux-
iliary losses further help counteract this bias by providing
additional compression supervision to the condition network.

E. Exploring X -Prediction Pixel Diffusion

Since V-prediction (velocity prediction) was proposed [15]
and later adopted by Stable Diffusion v2.1, it has become a
common practice in latent diffusion models, including the
baseline diffusion architectures used in our work [19, 20].
However, recent research by Just Image Diffusion (JiT) [10]
shows that pixels lie on a low-dimensional manifold, making
X -prediction a more effective approach for directly mod-
eling pixel distributions. In this paper, we primarily adopt
V-prediction to provide a unified view of latent- and pixel-
space compression. Nevertheless, in this section, we conduct
experiments to demonstrate that X -prediction can achieve
better reconstruction performance.
Comparison on pixel-space CoD. We follow the JiT train-
ing pipeline to build a pixel-space CoD variant using X -
prediction and V-loss, denoted as CoD (pixel-X ) to distin-



Figure 8. Evaluating V-and X -prediction pixel-space CoD using DiffC on Kodak at 512× 512.

Method @ 0.0039 bpp PSNR LPIPS DISTS FID

CoD (pixel) 16.21 dB 0.434 0.186 46.0

CoD (pixel-X ) 17.29 dB 0.416 0.179 44.8

CoD (pixel-X , JiT) 16.89 dB 0.422 0.183 47.4

Table 2. Ablation study for X -prediction on Kodak at 512× 512.

guish it from our velocity-based pixel-space CoD. To further
examine the influence of network design (i.e., the decoupled
head [19, 20]) we also substitute our pixel-space diffusion
model with JiT’s DiT backbone, referred to as CoD (pixel-X ,
JiT). As shown in Table 2, X -prediction yields significantly
better perceptual metrics than V-prediction. In contrast,
replacing the decoupled-head design with JiT’s pure DiT
structure does not provide performance gains.

Evaluation on downstream DiffC. In Figure 8, we evaluate
CoD (pixel-X ) on the downstream codec DiffC. Although X -
prediction improves performance on the foundation model,
it does not consistently benefit DiffC. This is because con-
verting the predicted x into velocity v at time t requires
clamping the denominator to be no smaller than 0.05 for sta-
bility (following JiT): v = (x− xt) / clamp(1− t, 0.05, 1).
This clamping leads to inaccurate likelihood estimation near
t = 1. When applied to DiffC, the resulting reconstructions
retain slight noisy, i.e., the inversion process does not fully
denoise the image, leading to degraded FID. The effect is
more pronounced at very high bitrates, where the inaccurate
likelihood directly impacts DiffC and causes all metrics to
drop relative to V-prediction. These results highlight that
different prediction targets offer different strengths, and the
choice should be adapted to the task objective.

F. Additional Details and Results

This section provides further training details and additional
evaluation results, including complexity analysis, additional
evaluation metrics and visual comparisons.

F.1. Training Details

F.1.1 Datasets

We train the model using three publicly available datasets:
ImageNet-21K [14] contains 14.2M images across 21K
categories. After removing images with a shorter edge below
256 pixels, 9.3M images remain for 256× 256 pre-training.
OpenImages [8] and SA-1B [7] provide high-resolution
images. We use 1.7M directly downloadable images from
OpenImages V4 and all 11.1M images from SA-1B for both
256 × 256 and 512 × 512 resolution pre-training. Overall,
CoD is trained on 22.1M images. Compared with modern
diffusion pipelines, this is a relatively modest data scale,
and the only filtering criterion is image resolution rather
than extensive data cleaning. We expect that scaling up
training with higher-quality data will further improve the
performance of CoD.

F.1.2 Unified Training

Section 2.2 (in the paper) emphasizes that unified training is
crucial for achieving high reconstruction fidelity. Table 5 re-
inforces this observation: unified training (ID = C) provides
a clear improvement over the baseline (ID = A). Without
unified optimization of the condition and diffusion branches,
the condition model tends to encode only structural infor-
mation while neglecting essential color cues. An intuitive
workaround is to impose explicit supervision on the condi-
tion learning using an auxiliary loss Laux.
Auxiliary Loss. Given the output of the condition decoder,
we attach two lightweight auxiliary prediction heads to (1)
reconstruct the input x and (2) predict its DINO v2 [13]
representation. The auxiliary objective is

Laux = LMSE
aux + 0.5 · LDINO

aux (3)

where LauxMSE measures pixel reconstruction accuracy,
and LDINO

aux promotes feature consistency by maximizing
the cosine similarity between predicted and ground-truth
DINO representations. Each auxiliary head consists of a
lightweight three-layer convolutional module, adding negli-
gible training overhead. All auxiliary heads are removed at



Method Stage Image Resolution BPP / Total Bits #Images Training Steps Batch Size Learning Rate GPU hours (A100)

CoD Low-Resolution Pre-Training 256× 256 0.0156 bpp / 1024 bits 22.1M 400 K 4× 32 1× 10−4 4× 67
CoD High-Resolution Pre-Training 512× 512 0.0039 bpp / 1024 bits 12.8 M 100 K 4× 16 2× 10−5 4× 25
CoD Unified Post-Training 512× 512 0.0039 bpp / 1024 bits 12.8 M 50 K 4× 16 2× 10−5 4× 24

Table 3. Detailed configuration of each CoD training stage. The full training process takes 464 A100 GPU hours (approximately 20 days).

Speed (ms) / Params. Per-Module Breakdown Steps TotalConditioner Diffusion VAE Decoder

Stable Diffusion v1.5 203.0 / 3.7 B* 30.6 / 860 M 43.4 / 49 M 25 1011 / 4.6 B

Latent-space CoD 8.3 / 177 M 21.5 / 676 M 43.4 / 49 M 25 589.2 / 901 M
Pixel-space CoD 8.3 / 177 M 25.5 / 720 M - / - 25 645.8 / 897 M

One-Step Pixel-space CoD 8.3 / 177 M 16.9 / 513 M** - / - 1 25.2 / 690 M
* Using BLIP2 captioner with at most 32 tokens, as suggested by PerCo (SD) [9].
** The AdaLN-Zero layers are omitted since they become redundant when inference operates with a fixed t = 0.

Table 4. Complexity comparison with Stable Diffusion. Average speed (ms) is measured for 512× 512 on A100.

ID Ablation @ 0.0039 bpp PSNR LPIPS FID

A Flow matching loss 9.83 dB 0.576 76.8

B A + Auxiliary Loss 15.20 dB 0.458 48.3
C A + Unified Training 15.83 dB 0.433 48.4

D B + Unified Post-Training 16.20 dB 0.433 46.0

Table 5. Ablation study on unified training and auxiliary loss on
Kodak at 512× 512.

Figure 9. Ablation study on ωα in unified post-training.

inference time. As shown in Table 5, auxiliary supervision
alone (ID = B) achieves FID competitive with unified train-
ing, but exhibits lower PSNR and LPIPS since the diffusion
model does not receive direct distortion supervision.
Unified Post-Training. Motivated by the complementary
strengths of unified training and auxiliary supervision, we
combine both approaches to further improve performance.
Specifically, we first pre-train CoD with auxiliary loss and
then post-train it using unified training. For simplicity, rather
than randomly selecting a subset of α% samples for one-step
training, we apply a unified objective to all samples during
post-training: LRF = ωα · Lone-step

RF + Lmulti-step
RF , where ωα

serves as a weighting factor for the one-step loss component.
This brings a little better performance. As shown in Table 5,
this unified post-training strategy (ID = D) achieves the best
overall results among all configurations.

Metric PerCo OSCAR DiffC DDCM OneDC CoD

User Score (1-5) ↑ 3.3 2.0 1.8 1.6 3.4 4.2

CLIP Sim. ↑ 0.84 0.78 0.72 0.63 0.84 0.89
Caption Sim. ↑ 0.87 0.83 0.76 0.72 0.86 0.89
VQA Acc. ↑ 69% 66% 58% 48% 71% 80%

Table 6. Additional evaluation metrics including user study and
semantic scores around 0.004 bpp on Kodak.

We adopt ωα = 1 as the default setting for unified post-
training. In Figure 9, we conduct a sensitivity analysis of
this parameter, and the results demonstrate that a value of
ωα = 3 yields additional performance gains, suggesting that
further optimization of this hyperparameter could enhance
overall efficacy.

F.1.3 Multi-Stage Training

In Table 3, we summarize the configuration of all CoD
training stages. A key design choice is to keep the total
amount of transmitted information fixed across different res-
olutions. Concretely, we allocate 0.0156 bpp at 0.0156 bpp
at 256 × 256 and 0.0039 bpp at 512 × 512, which corre-
spond to the same total bottleneck size of 1024 bits. The
codebook size remains unchanged across resolutions. In-
stead, we change the downsample ratio in the encoder, i.e.,
16× at 256× 256 and 32× at 512× 512.

F.2. Complexity Analysis

Table 4 compares the computational cost of Stable Diffusion
v1.5 and CoD. Stable Diffusion requires a large captioning
model to generate text conditions, whereas CoD relies on a
lightweight 177M image encoder and decoder, taking only
8.3 ms to process a 512× 512 image. The diffusion module
in CoD also incurs lower latency and parameter overhead.
Pixel-space CoD is slightly slower than latent-space CoD



due to the additional decoupled pixel head, but it avoids
the expensive VAE decoding, which makes it faster in the
few-step regime.

Compared to multi-step diffusion codecs, the one-step
pixel-space CoD offers significantly faster inference with a
much smaller parameter footprint (see Section B). It enables
real-time coding, achieving 25.2 ms per 512×512 image. In
the future, we hope it can be further accelerated by training
a smaller model. Section C demonstrates that CoD can
be used as a perceptual supervisory signal, suggesting a
promising path toward fast inference: train a lightweight
CoD and distill it into a single step using the large CoD
as perceptual supervision. We leave this direction to future
work with the goal of real-time high-resolution diffusion
codecs.

F.3. Additional Evaluation Metrics

Table 6 presents additional performance comparison on the
Kodak dataset, with all codecs constrained to approximately
0.004 bpp to ensure a fair evaluation. For the subjective
user study, 20 participants rated the reconstruction quality
on a scale of 1 (lowest) to 5 (highest), from which Mean
Opinion Scores (MOS) were derived. To evaluate semantic
preservation, we employed three distinct metrics: (1) CLIP-
based visual similarity between original and reconstructed
embeddings; (2) text-based similarity between BLIP-2 gen-
erated captions of the reconstructions and the ground truth;
and (3) a multi-choice Visual Question Answering (VQA)
benchmark consisting of 10 GPT-4-designed questions per
image. Across all subjective and semantic dimensions, CoD
consistently outperforms existing codecs, underscoring its
superior generative fidelity.

F.4. Visual Comparison

In Figure 10, we provide more visual comparison exam-
ples. Across a wide bitrate range, CoD-based DiffC presents
higher perceptual quality than other codecs.
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Original SD + DiffC  /  0.0050 bpp PerCo  /  0.0037 bpp MS-ILLM  /  0.0074 bppCoD (latent) + DiffC  /  0.0040 bpp CoD (pixel) + DiffC  /  0.0039 bpp

Latent-space Codecs Pixel-space Codecs

Original SD + DiffC  /  0.0049 bpp PerCo  /  0.0035 bpp MS-ILLM  /  0.0100 bppCoD (latent) + DiffC  /  0.0040 bpp CoD (pixel) + DiffC  /  0.0039 bpp

Original SD + DiffC  /  0.0047 bpp PerCo  /  0.0037 bpp MS-ILLM  /  0.0098 bppCoD (latent) + DiffC  /  0.0040 bpp CoD (pixel) + DiffC  /  0.0039 bpp

Original SD + DiffC  /  0.041 bpp PerCo  /  0.032 bpp MS-ILLM  /  0.052 bppCoD (latent) + DiffC  /  0.025 bpp CoD (pixel) + DiffC  /  0.033 bpp

Original SD + DiffC  /  0.125 bpp PerCo  /  0.127 bpp MS-ILLM  /  0.137 bppCoD (latent) + DiffC  /  0.122 bpp CoD (pixel) + DiffC  /  0.099 bpp

Original SD + DiffC  /  0.134 bpp PerCo  /  0.127 bpp MS-ILLM  /  0.099 bppCoD (latent) + DiffC  /  0.134 bpp CoD (pixel) + DiffC  /  0.099 bpp

Original SD + DiffC  /  0.119 bpp PerCo  /  0.127 bpp MS-ILLM  /  0.095 bppCoD (latent) + DiffC  /  0.122 bpp CoD (pixel) + DiffC  /  0.087 bpp

Original SD + DiffC  /  0.108 bpp PerCo  /  0.127 bpp MS-ILLM  /  0.182 bppCoD (latent) + DiffC  /  0.117 bpp CoD (pixel) + DiffC  /  0.117 bpp

Original SD + DiffC  /  0.109 bpp PerCo  /  0.127 bpp MS-ILLM  /  0.106 bppCoD (latent) + DiffC  /  0.106 bpp CoD (pixel) + DiffC  /  0.062 bpp

Original SD + DiffC  /  0.128 bpp PerCo  /  0.127 bpp MS-ILLM  /  0.160 bppCoD (latent) + DiffC  /  0.098 bpp CoD (pixel) + DiffC  /  0.113 bpp

Figure 10. More visualization results on CLIC 2020 test set [17].
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